Breast tissue heterogeneity is related to risk factors that lead to more aggressive tumour growth and worse prognosis, yet such heterogeneity has not been well characterized. The aim of this study is to reveal the heterogeneous signal patterns of the apparent diffusion coefficient (ADC) of a tumour and its surrounding stromal tissue and to predict the Ki-67 proliferation status in oestrogen receptor (ER)-positive breast cancer patients. A dataset of 82 patients who underwent diffusion-weighted imaging (DWI) examination was collected. The ADC map was segmented into regions comprising the tumour and the surrounding stromal shells. To reflect correlations between each region in terms of its mean ADC value, a functional graph was constructed consisting of nodes as regions and edges as interactions between two nodes. Analysis of the graph revealed a higher average degree in samples over-expressing Ki-67 than in samples with low Ki-67 expression. In the low-Ki-67 group, most of the identified edges represented correlations between adjacent regions, whereas additional edges representing correlations between non-adjacent regions were found in the high-Ki-67 group. The ADC signal in various breast stromal regions surrounding the tumour showed a discriminative pattern and would be valuable for estimating the Ki-67 proliferation status by DWI.
deposition and reorganizing fibres and consequently leads to a more rigid tumour-associated stroma 13 . Therefore, the tumour microenvironment is spatially heterogeneous, and the patterns and correlations between a tumour and its surrounding stromal tissue are contributed to the characterization of intrinsic features of breast cancer.
Diffusion-weighted imaging (DWI) is an approach that differs from conventional magnetic resonance imaging (MRI) techniques in that it measures the mobility of water within tissues, providing information about tissue cellularity and cell membranes integrity 14 , and it is sensitive to changes in water diffusion in the intracellular and extracellular spaces 13 . As such, flow-insensitive apparent diffusion coefficients (ADCs) may provide a more accurate estimation of the cellularity of the tumour microenvironment by minimizing any vascular contribution 15 . Compared with benign tumours, lower ADC values, which reflect restrictions in water diffusion, are observed in malignant breast lesions 16, 17 , and studies have identified that ADC values can be helpful for predicting response to neoadjuvant chemotherapy in breast cancer 18, 19 . Related studies have reported a correlation between ADC values and pathologic factors [20] [21] [22] [23] [24] as well as biomarkers such as tumour cellularity and Ki-67 expression levels in luminal-type breast cancer 25 , mucinous breast cancer 26 and ER-positive breast cancer 27, 28 . Conversely, another study found no association between ADC values and prognostic factors 29 .
Although previous studies have examined associations between stromal features surrounding the tumour region 30, 31 and the pathological status, to our knowledge, no study has investigated to analyse the heterogeneity of ADC patterns in stromal regions. In addition, no predictive models have been applied to differentiate Ki-67 status using these features within a given cohort. Here, we investigate features based on DWI in the peritumoural stroma region to evaluate this prognosis biomarker in breast cancer. Our approach is different from the work presented in previous studies 30, 31 , in which statistical features were extracted based on the tumour and its surrounding stroma. In addition, we also examine correlations of mean ADC values between each peritumour stroma, which could help provide possible information for the differentiation of stromal connections between aggressive and non-aggressive cancers.
In this study, we analysed the heterogeneity of tumour and peritumoural sub-regions of breast stroma on DWI and evaluated the ability of MR features using a multivariate logistic classifier to distinguish ER positive breast cancers with low Ki-67 levels from those with high Ki-67 levels.
Methods
Clinical Demographics. This is a retrospective study approved by the Internal Research Review and Ethical Committee of the Zhejiang Cancer Hospital and informed consent was obtained from all patients. All methods were carried out in accordance with the relevant guidelines. We collected an initial dataset of 183 patients at Zhejiang Cancer Hospital, China. Of the total, 52 patients with no pathologic examination or incomplete pathology data were excluded. Additionally, 9 patients who underwent breast cancer treatment (e.g., chemotherapy or radiation therapy) prior to MRI were also eliminated from the cohort, and 40 ER-negative patients were removed from the dataset. Ultimately, 82 patients who met the selection criteria were included in our dataset for analysis. Table 1 summarizes tumour and patient characteristics by Ki-67 proliferation status. Ki-67 >14% was considered high expression and Ki-67 <14% was considered low expression. The mean age of the patients was 51.65 years (range: 21-71 years), and all were Han Chinese. In this sample, 5 of the subjects were premenopausal and 65 postmenopausal; 12 were of unknown status. The distribution of invasive breast cancers by tumour type was as follows: 57 invasive ductal carcinomas, 3 lobular carcinomas, and 22 poorly differentiated adenocarcinomas. In the cohort, 54 (65.9%) cases showed Ki-67 over-expression and 28 (34.1%) low Ki-67 expression. There was no significant difference in receptor status or tumour volume for patients with high vs low Ki-67 expression.
Characteristic

All
High >= 14% Low < 14% P-value 82 (n = 54) (%) (n = 28) (%) DW MR Imaging Analysis. DWI To standardize the image analysis as much as possible, a representative ADC map that shows the largest dimension of the tumour was selected. Fibroglandular tissue was segmented on the DWI b = 50 image, excluding fat from the breast, based on a fuzzy C-means clustering procedure (Fig. 1) . The tumour regions of interests (ROIs) were manually drawn to the margin of the whole tumour with high signal intensity on DWI at b = 50 and then aligned to the ADC map. To assess its heterogeneity in terms of ADC values, the whole tumour was included for analysis. The ADC images were manually segmented into the inner tumour, tumour boundary, peritumoural region, and more distant region from the tumour according to the manually drawn tumour ROIs based on DWI.
DWI Feature Extraction.
Histogram features in peritumour stromal regions. In our study, the resolution of DWI was 1.45 × 1.45 mm, and we selected stromal shell, with a 4 pixel width (1.45 mm × 4 pixel = 5.8 mm). We defined six regions similar to the procedure by Sin et al. 31 . These regions are as follows: (1) an inner section of the tumour at least 2 pixels inside the tumour edge, i.e., S I ; (2) the whole tumour (S T ); (3) the boundary region of the tumour, from −2 to 2 pixels of the tumour edge (S b ); (4) peritumour stromal shell, with a 4 pixel width next to the tumour boundary, i.e., S P ; (5) Ratio between breast subregions. We also calculated the ratio of statistical measurements between each of the two regions including the tumour and its surrounding stroma. For example, the ratio of the interquartile ranges of the tumour boundary and peritumoural proximal stromal regions, i.e., S B and S P , was calculated.
Pathologic Assessment. Immunohistochemical staining was performed using streptavidin-peroxidase.
The pathology report from the initial breast biopsy or surgery was used to record the ER, PR, and HER2 statuses of each invasive cancer. Samples were scored as positive for ER or PR by immunohistochemistry (IHC) when at least 1% of the tumour cell nuclei showed staining for ER or PR, respectively 32 . A sample was scored as HER2 positive following the American Society of Clinical Oncology (ASCO)/College of American Pathologists (CAP) guideline recommendations for HER2 testing in breast cancer 33 . A Ki-67 level greater than 14% was considered positive, and a level below 14% was considered negative.
Statistical Analysis. Differences in tumour characteristics were assessed using a χ 2 test or Fisher's exact test when the expected value in any cell was less than five. Analysis of variance (ANOVA) was performed for comparison of ADC values between the high-and low-Ki-67 groups. A univariate logistic-based classifier was used to evaluate the performance of the individual features in differentiating high and low Ki-67 proliferation statuses. A multivariate logistic regression model was trained and validated to classify Ki-67 status using combined features. To evaluate the performance of the classifier, receiver-operating characteristic (ROC) analysis was performed, and the area under the ROC curve (AUC) was computed. Sensitivity and specificity were calculated using a Youden index determining the value that would maximize the average sensitivity and specificity 34 . A functional breast stromal region association network, i.e., an undirected unweighted graph, was built with tumour or stromal regions as nodes and associations as edges. More specifically, Pearson's correlation coefficient (PCC) of mean ADC values between two nodes were calculated, and edges/associations were established if Bonferroni-corrected P values of PCC were less than 0.05. Therefore, a network with 6 nodes was generated representing similar tissue characteristics such as cellularity and water content.
An evolutionary algorithm (EA)-based optimization method was applied to search for the optimal feature subset for classification. The mutation probability and crossover probability were set at 0.01 and 0.6, respectively. The EA chromosome population in each generation was 500, and the maximum number of generations was 200. The EA chromosome that achieved the highest AUC was selected to establish the optimal feature pool and build the optimal classifier. All statistical tests were two-tailed, and significance was set at a P value < 0.05. Statistical analyses were performed using Matlab R2013b (8.2).
To avoid overfitting of classifiers to the available data, the leave-one-out cross-validation (LOOCV) test was employed. Specifically, at each iteration of the LOOCV process, one sample was used for testing and the other for training. This procedure was repeated for each sample. In each evaluation, we performed a Wrapper Subset Evaluator (WSE) feature selection using all training cases to search for optimal features from the optimal feature subset pool generated from EA. Using these features, a multiclass logistic classifier was trained based on the training set and was tested on the one independent test case omitted. The importance of the predictive imaging features in the classifier was evaluated by selection frequencies of features over all LOOCV loops.
Results
In our study, we compared tumour mean ADC values according to histopathological features, as shown in Table 2 . Furthermore, patterns of the ADC signal in the tumour and stromal regions of breast cancer were examined (Table S1 and Fig. 2) . Exploratory analyses of a functional graph were established to investigate correlations of stromal regions in terms of mean ADC values (Fig. 3, Supplementary Fig. 1 ). Finally, we calculated 48 statistical features and 120 ratios of ADC features between these regions for classification of Ki-67 proliferation status (Fig. 4, Supplementary Figs 2 and 3 , Table 3 and Supplementary Tables S2-S4) .
Analysis of ADC patterns in tumour and peritumoural stromal regions. Comparison and PR expression, as shown in Table 2 . However, ANOVA showed no significant association for ADC values among histological groups.
Comparison of ADC values in peritumoural stromal regions.
In addition to examination of ADC values in breast tumours according to histopathological characteristics, further analysis was conducted to investigate ADC signal patterns in the tumour and peritumoural stroma. As shown in Table 3 , the whole tumour and inner tumour had the lowest ADC values among all six regions. In contrast, the middle and distal peritumoural stroma exhibited a higher level of ADC, a value close to that of normal tissue 35 . ANOVA revealed significant differences in mean ADC values among peritumoural stroma regions between the low and high Ki-67 proliferation statuses (p < 0.0001). An ascending order of median ADC values in the six regions is shown in Fig. 2 . A significant increase in ADC values (P < 0.05) was observed between proximal and middle peritumoural stromal regions.
Correlation of ADC values in tumours and surrounding stromal regions.
As a tumour spreads its characteristics into breast tissue, we assumed that there should be similar patterns of ADC values between a tumour and its surrounding stroma. Therefore, exploratory analyses were conducted to evaluate correlations among these regions. A graph was thus established with nodes as tumour/stromal regions and edges as significant (corrected P < 0.05 for Connections between regions of tumours and peritumoural stroma. Graphs are shown for (a) low-Ki-67 and (b) high-Ki-67 groups. The degree for each region in the Ki-67 groups is shown in (c). Each node on the graph represents a tumour or peritumoural stroma, i.e., (1) inner section of a tumour, (2) whole tumour, (3) tumour boundary, (4) peritumoural stroma, (5) middle peritumoural stroma, and (6) distal peritumoural stroma. Each edge in this graph is defined by a significant correlation of mean ADC values between two regions (Bonferroni-corrected P value of Pearson's correlation coefficient less than 0.05). Fig. 3 . It is interesting that higher total degrees were observed in samples over-expressing Ki-67 than in samples with low Ki-67 expression (Fig. 3(c) ). The node representing the proximal peritumour stromal region (S P ) had the highest degree, whereas that representing the inner tumour region had the lowest degree. Additionally, most edges in the low-Ki-67 group were found between nodes representing adjacent regions (e.g., S I and S T ; S T and S B ), though more edges representing correlations of non-adjacent regions were found in the high-Ki-67 group. These results suggest that the pattern for a tumour spreading to its surrounding region differed between breast cancers with greater versus lower proliferation. Supplementary Fig. 1 also shows a representative example of graphs with low and high total degrees for low-and high-Ki-67 cases, respectively.
PCC) correlations of mean ADC values between two nodes, as displayed in
Classification experiments. DWI individual features for discriminating Ki-67 expression levels. Based
on the above observations that ADC values and correlations among stromal regions differ between high-and low-Ki-67 groups, histogram features of ADC values in each stromal region and ratio features were further evaluated to discriminate Ki-67 status. We expected that different regions may have different performances in the classification of the Ki-67 expression level. The best two individual histogram features and ratio features in each stromal region, based on the AUC, accuracy, sensitivity and specificity, are provided in Table S2 . The skewness of the ADC value in the tumour boundary was the best individual feature, with an AUC of 0.716 and 95% confidence intervals (CIs) from 0.583 to 0.845, a sensitivity of 0.723 and a specificity of 0.704. Higher skewness of the ADC value in the tumour boundary was associated with a high level of Ki-67 expression (Fig. 4(a) ). Figure 4 (b) also shows an example of a distribution of ADC values in the tumour boundary exhibiting high skewness in a high-Ki-67 tumour and low skewness, close to zero, with a low Ki-67 proliferation status. The two best ratio features for discriminating Ki-67 proliferation status were those of the means and interquartile ranges of proximal and middle peritumour stromal regions, which generated an AUC value of 0.659, with 95% CIs of 0.527 to 0.792, and an AUC value of 0.657, with 95% CIs of 0.579 to 0.786, respectively.
Combined features for classification of Ki-67 proliferation status.
Further classification analysis using combined ADC features was performed for classifying Ki-67 proliferation status utilizing a multivariate logistic regression analysis model. To assess whether various stromal regions could have different performance, the classification models were applied in each region separately. Feature selection was performed for each model to produce the best subset of features for Ki-67 status discrimination. The performance of the classification models using features Table 3 . Performance of prediction model using statistical features and ratio features.
in the six proximal regions is illustrated in Table 3 . The tumour boundary region achieved the best performance in terms of an AUC value of 0.763, with CIs of 0.649 to 0.873, whereas the proximal peritumour stromal region showed the second-best performance, with an AUC value of 0.716 and 95% CIs of 0.592 to 0.840. The statistical features in each peritumoural stromal region were then combined to enhance the performance of the prediction model. A multivariate logistic regression model generated an AUC value of 0.868 using 10 statistical features from all regions (Table 3 and Supplementary Table S3) . Supplementary Fig. S2 shows ROC curves of classifiers applying the statistical features in each of the six regions to classify Ki-67 proliferation status. In addition, the ratios of features between each pair of regions were also combined and entered into the prediction model. After feature selection, the classifier with 13 features yielded an AUC of 0.912, with 95% CIs of 0.855 to 0.987 (Table 3 and Supplementary Table S3 ). Comparisons of the prediction model in terms of ROCs using statistical features, ratio features and the combination of all features are displayed in Supplementary Fig. S3 . The results indicated that the overall performance for ratio features was better than that of statistical features in the six regions. Detailed descriptions of the selected best subset of features are provided in Table S3 . Finally, the multivariate classifier combining all features improved the classifier performance to an AUC of 0.933, which are significantly better than that of features in S I , S T , S M and S P ( Supplementary Fig. S3 and Table 3 ).
Analysis of the contribution (importance) of individual features to the classification was based on the frequency of each feature selected in LOOCV loops, as shown in Table S4 . The top 4 features with more than 30% frequencies in the prediction model were 2 ratio features and 2 statistical features. These features included the ADC skewness in the S p , the ratio of interquartile range ADC between S I and S T , the ADC skewness in the tumour boundary and, the ratio of minimum ADC value between S I and S P . Among these, most (10 out of 15) are ratio features, indicating that the ratios of features between distinct regions contribute more to the classification model than statistical features.
Discussion
In this study, we analysed patterns of ADC values in tumour and peritumoural stroma, and a predictive model was built to evaluate the performance of applying imaging features to predict Ki-67 proliferation status in patients with ER-positive invasive breast cancer. The tumour and its proximal regions were identified, and correlations between each region in terms of ADC values were established. A distinct pattern of connections between highand low-Ki-67 proliferation status samples in the tumour and peritumour stroma was found. Further experiments showed that statistical features in the tumour boundary as well as in the proximal peritumoural stroma have higher predictive power than the other regions.
In the present study, ADC values were grouped in ascending order in breast stromal regions when the distance from the tumour edge was increased, which is in line with previous studies 13, 31 . Additionally, the features in the tumour boundary and the proximal peritumoural stroma showed higher performance in discriminating expression of Ki-67 compared to those in other regions. This result is in agreement with a recent study that identified more significant associations with Ki-67 status in the tumour boundary and proximal peritumoural stroma 31 . The results of our study indicate that the breast stromal band proximal to the tumour is important for the analysis of tumour characteristics.
Based on graph analysis, high total degrees representing correlations between stromal regions were observed for the high-Ki-67 expression group than the low-Ki-67 group. Moreover, higher degrees were observed for nodes representing the tumour boundary and proximal peritumoural stroma. The results suggest that compared to a low-Ki-67 tumour, a high-Ki-67 tumour, with more proliferation, may spread its characteristics to a greater distance in the proximal surrounding regions. Additionally, normal-appearing stroma surrounding a tumour would exhibit more abnormities in samples highly expressing Ki-67. This finding of our study is consistent with the fact that high-Ki-67 cases are more aggressive with regard to tumour cell proliferation than low-Ki-67 cases. Because the features of ADC values reflect the Ki-67 status, measuring patterns of ADC values may facilitate an understanding of patients' clinical presentation. Therefore, DWI is a promising unenhanced tool for detecting differences in water mobility that reflect the tissue microenvironment.
In our study, the two best individual features for predicting of Ki-67 status were the skewness and interquartile range on histogram analysis, which are regarded as a reflection of tumour heterogeneity 4 . The possible explanation for this finding is that a high-Ki-67 tumour, with characteristics of more aggressive growth, might have a more heterogonous tumour microenvironment affecting its surrounding proximal stromal regions. Furthermore, the results of our study suggest that histogram analysis of pixel-based data in addition to mean ADC values could provide more predictive information in ER-positive breast cancer than conventional features such as the mean ADC value 8 . Our study has several limitations. First, this is a retrospective study with limited statistical power due to the relatively small sample size. Thus, our study results must be confirmed in future studies with larger datasets. Second, this is a single-institution study without a validation cohort. As systematic fluctuations exist among different medical institutions caused by the use of different b value protocols for breast cancer patients, whether our image features of various peritumour stroma can be optimally applied to DW images acquired from other medical institutions must be tested in future studies. Third, only first-order histogram features were examined for prediction, whereas second-order spatial histogram features such as the textural features and the pathologic information, i.e., histologic grade and lymph node status, were not included in the model. Further analysis that uncovers more tumours and their surrounding stromal features should help to better understand the relationships between DWI and the prognosis of breast cancer.
In conclusion, our results suggest that patterns of ADC values in tumours and stromal regions may be predictive of tumour aggressiveness indicators, i.e., Ki-67, in ER-positive patients. Statistical features of stromal regions according to the distance of the tumour boundary were correlated with tumour classification, which could provide additional information about tumour heterogeneity in such cases. This is the first exploratory study examining features of ADC values in tumours and stroma to reflect heterogeneous patterns in differentiation of Ki-67 proliferation status. A further prospective study with a large number of patients is needed to confirm our results.
